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Abstract

We addressthe problem of segmenting3D scan data
into objectsor objectclasses.Our segmentationframework
is basedon a subclassof Markov RandomFields (MRFs)
which supportef�cient graph-cutinference. TheMRFmod-
els incorporatea large setof diversefeaturesand enforce
thepreferencethatadjacentscanpointshavethesameclas-
si�cation label. We use a recentlyproposedmaximum-
margin framework to discriminativelytrain themodelfrom
a setof labeledscans;as a resultwe automaticallylearn
therelativeimportanceof thefeaturesfor thesegmentation
task. Performinggraph-cutinferencein the trained MRF
canthenbeusedto segmentnew scenesveryef�ciently. We
testour approach onthreelarge-scaledatasetsproducedby
different kinds of 3D sensors, showingits applicability to
both outdoorand indoor environmentscontainingdiverse
objects.

1. Intr oduction

Rangescannershavebecomestandardequipmentin mo-
bile robotics,makingthetaskof 3D scansegmentationone
of increasingpracticalrelevance. Given the set of points
(or surfaces)in 3D acquiredby a rangescanner, the goal
of segmentationis to attribute the acquiredpoints to a set
of candidateobjectsor object classes.The segmentation
capability is essentialfor sceneunderstanding,andcanbe
utilized for scanregistrationandrobotlocalization.

Muchwork in visionhasbeendevotedto theproblemof
segmentingandidentifying objectsin 2D imagedata.The
3D problemis easierin someways,as it circumventsthe
ambiguitiesinducedby the3D-to-2Dprojection,but is also
harderbecauseit lackscolorcues,anddealswith datawhich
is oftennoisyandsparse.The3D scansegmentationprob-
lem hasbeenaddressedprimarily in the context of detect-

ing known rigid objectsfor which reliablefeaturescanbe
extracted(e.g.,[11, 5]). Themoredif�cult taskof segment-
ing out objectclassesor deformableobjectsfrom 3D scans
requiresthe ability to handlepreviously unseenobject in-
stancesor con�gurations. This is still an openproblemin
computervision, wheremany approachesassumethat the
scanshavebeenalreadysegmentedinto objects[10, 6].

An object segmentationalgorithm shouldpossesssev-
eralimportantproperties.First, it shouldbeableto takead-
vantageof several qualitatively differentkinds of features.
For example,treesmayrequireverydifferentfeaturesfrom
cars,andgroundcanbedetectedsimplybasedona“height”
feature.As thenumberof featuresgrows,it becomesimpor-
tant to learnhow to tradethemoff automatically. Second,
somepointscanlie in generic-lookingor sparselysampled
regions,but weshouldbeableto infer their labelby enforc-
ingspatialcontiguity, exploiting thefactthatadjacentpoints
in thescanstendto havesimilar labels.Third, thealgorithm
shouldadaptto theparticular3D scannerused,sincediffer-
ent scannersproducequalitatively differentinputs. This is
particularly relevant, becausereal-world scanscanviolate
standardassumptionsmadein syntheticdatausedto evalu-
atesegmentationalgorithms(e.g.,[5, 10]).

In this paperwe presenta learning-basedapproachfor
scenesegmentation,whichsatis�esall of thepropertiesde-
scribedabove.OurapproachutilizesaMarkov random�eld
(MRF) over scanpointsin a sceneto labeleachpoint with
oneof somesetof classlabels;theselabelscanincludedif-
ferentobjecttypesaswell asbackground.We alsoassume
that, in our dataset,adjacentpointsin spaceareconnected
by links. Theselinks canbeprovidedeitherby thescanner
(whenit produces3D meshes),or introducedby connect-
ing neighboringpointsin thescan.TheMRF usesa setof
pre-speci�edfeaturesof scanpoints(e.g.,spin images[11]
or heightof thepoint) to provideevidenceontheir likely la-
bels.Thelinks areusedto relatethelabelsof nearbypoints,
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therebyimposinga preferencefor spatialcontiguityof the
labels;the strengthof theselinks canalsodependon fea-
tures(e.g.,distancebetweenthe linked points). We usea
subclassof MRFsthatallow effectiveinferenceusinggraph
cuts[13], yet canenforceourspatialcontiguitypreference.

Our algorithm consistsof a learningphaseand a seg-
mentationphase.In the learningphase,we areprovideda
setof scenesacquiredby a 3D scanner. The scenepoints
are labeledwith an appropriateclassor object label. The
goal of the learningalgorithmis to �nd a goodsetof fea-
tureweights.Weuseamaximum-marginlearningapproach
which �nds theoptimaltradeoff betweenthenodeandedge
features,which inducetheMRF-basedsegmentationalgo-
rithm to matchthe training set labels[21]. This learning
procedure�nds the globally optimal (or nearly optimal)
weightsandcanbeimplementedef�ciently .

In thesegmentationphase,weneedto classifythepoints
of a new scene.We computethe relevant point andedge
features,andrun thegraph-cutalgorithmwith theweights
provided by the learningphase. The inferenceprocedure
performsjoint classi�cation of the scanpoints while en-
forcing spatialcontiguity. The algorithmis very ef�cient,
scalingto scenesinvolving millions of points. It produces
theoptimal solutionfor binaryclassi�cationproblemsand
a solutionwithin a fraction of the optimal for multi-class
problems[12].

Wedemonstratetheapproachontwo real-world datasets
andonecomputer-simulateddataset.Thesedatasetsspan
bothindoorandoutdoorscenes,anda diversesetof object
classes.They wereacquiredusingdifferentscanners,and
have very differentproperties.We show thatour algorithm
performswell for all threedatasets,illustratingits applica-
bility in abroadrangeof settings,requiringdifferentfeature
sets.Our resultsdemonstratetheability of ouralgorithmto
delwith signi�cant occlusionandscannernoise.

2. Previous work

Theproblemof segmentingandclassifyingobjectsin 2D
scenesis arguablythecoreproblemin machinevision,and
hasreceived considerableattention. The existing work on
the problemin the context of 3D scandatacanlargely be
classi�edinto threegroups.

The �rst class of methodsdetectsknown objects in
the scene. Such approachescenter on computing ef�-
cient descriptorsof the object shapeat selectedsurface
points [11, 7, 5]. However, they usually require that the
descriptorparametersare speci�ed by hand. Detection
often involves inef�cient nearest-neighborsearchin high-
dimensionalspace.While mostapproachesaddressdetec-
tion of rigid objects,detectionof nonrigidobjectshasalso
beendemonstrated[18].

Another line of work performs classi�cation of 3D

shapes.Somemethods(particularlythoseusedfor retrieval
of 3D modelsfrom large databases)useglobal shapede-
scriptors [6, 17], which require that a completesurface
model of the query object is available. Objectscan also
beclassi�edby lookingatsalientpartsof theobjectsurface
[10, 19]. All mentionedapproachesassumethatthesurface
hasalreadybeenpre-segmentedfrom thescene.

Anothersetof approachessegment3D scansinto a set
of prede�nedparametricshapes.Han et al. [9] presenta
methodbasedfor segmenting3D imagesinto 5 parametric
modelssuchasplanar, conicandB-splinesurfaces.Unlike
theirapproach,oursis aimedat learningto segmentthedata
directly into objectsor classesof objects.Theparametersof
our modelaretrainedon examplescontainingthe objects,
while Hanet al. assumea pre-speci�edgenerativemodel.

Our segmentationapproachis most closely relatedto
work in vision applyingconditionalrandom�elds (CRFs)
to 2D images. Discriminative modelssuchas CRFs[15]
are a naturalway to model correlationsbetweenclassi�-
cation labelsY given a scanX as input. CRFsdirectly
model the conditionaldistribution P(Y j X ). In classi-
�cation tasks,CRFshave beenshown to produceresults
superiorto generative approacheswhich expendefforts to
model the potentially more complicatedjoint distribution
P(X ; Y ) [15]. Very recently, CRFs have beenapplied
for imagesegmentation.Kumaret al. [14] train CRFsus-
ing a pseudo-likelihoodapproximationto the distribution
P(Y j X ) sinceestimatingthe true conditionaldistribu-
tion is intractable. Unlike their work, we optimize a dif-
ferent objective called the margin, basedon supportvec-
tor machines[3]. Our learningformulationprovidesanex-
actandtractableoptimizationalgorithm,aswell asformal
guaranteesfor binaryclassi�cationproblems.Unlike their
work, ourapproachcanalsohandlemulti-classproblemsin
astraightforwardmanner. In averyrecentwork,Torralbaet
al. [23] proposeboostingrandom�elds for imagesegmen-
tation, combiningideasfrom boostingandCRFs. Similar
to our approach,they optimize the classi�cation margin.
However, their implementationis speci�c to 2D imagedata,
whichposesverydifferentchallengesthan3D scans.

3. Mark ov RandomFields

Werestrictourattentionto Markov networks(or random
�elds) over discretevariablesY = f Y1; : : : ; YN g, where
eachvariablecorrespondsto the labelof a point in the3D
scanand hasK possiblevalues: Yi 2 f 1; : : : ; K g. An
assignmentof valuesto Y is denotedby y. A Markov net-
work for Y de�nes a joint distribution over f 1; : : : ; K gN ,
de�ned by an undirectedgraph(V; E) over the nodescor-
respondingto the variables.In our task,thevariablescor-
respondto thescanpointsin thescene,andtheir valuesto
their label,which canincludedifferentobjecttypesaswell
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a) Robot and campus map b) Segmentation Results

SVM Voted-SVM AMN

Figure 1. a) The robot and a por tion of a 3D scan rang e map of Stanf ord Univer sity . b) Scan seg­
mentation results obtained with SVM, Voted-SVM and AMN predictions. (Color legend: buildings/red,
trees/green, shrubs/b lue , ground/gra y).

asbackground.For simplicity of exposition,we focusour
discussionto pairwiseMarkov networks,wherenodesand
edgesareassociatedwith potentials� i (Yi ) and� ij (Yi ; Yj ),
ij 2 E (i < j ). In our task,edgesareassociatedwith links
betweenpointsin thescan,correspondingto physicalprox-
imity; theseedgesserve to correlatethe labelsof nearby
points. A nodepotential � i (Yi ) speci�es a non-negative
numberfor eachvalue of the variableYi . Similarly, an
edgepotentialspeci�esnon-negative numberfor eachpair
of valuesof Yi ; Yj . Intuitively, a nodepotentialsencodesa
point's“individual” preferencefor differentlabels,whereas
the edgepotentialsencodethe interactionsbetweenlabels
of relatedpoints.Thejoint distributionspeci�edby thenet-
work is

P� (y ) =
1
Z

NY

i =1

� i (yi )
Y

ij 2E

� ij (yi ; yj );

where Z is the partition function given by Z =P
y 0

Q N
i =1 � i (y0

i )
Q

ij 2E � ij (y0
i ; y0

j ). The maximum a-
posteriori (MAP) inferenceproblemin a Markov network
is to �nd argmaxy P� (y ).

We further restrict our attentionto an important sub-
class of networks, called associativeMarkov networks
(AMNs) [21] that allow effective inferenceusing graph-
cuts [8, 13]. Theseassociative potentialsgeneralizethe
Pottsmodel [16], rewarding instantiationswhereadjacent
nodeshave the samelabel. Speci�cally, we require that
� ij (k; k) = � k

ij , where� k
ij � 1, and� ij (k; l ) = 1; 8k 6= l .

We formulatethe nodeandedgepotentialsin termsof

thefeaturesof theobjectsx i 2 IRdn andfeaturesof there-
lationshipsbetweenthemx ij 2 IRde . In 3D rangedata,the
x i mightbethespinimageor spatialoccupancy histograms
of a point i , while the x ij might include the distancebe-
tweenpointsi andj , thedot-productof their normals,etc.
Thesimplestmodelof dependenceof thepotentialson the
featuresis log-linear combination: log � i (k) = w k

n � x i

andlog � ij (k; k) = w k
e � x ij , wherew k

n andw k
e arelabel-

speci�c row vectorsof nodeandedgeparameters,of sizedn

andde, respectively. Notethatthisformulationassumesthat
all of thenodesin thenetworksharethesamesetof weights,
andsimilarly all of theedgessharethesameweights.Stat-
ing theAMN restrictionsin termsof theparametersw, we
requirethatw k

e � x ij � 0. To ensurethatw k
e � x ij � 0, we

simplyassumethatx ij � 0, andconstrainw k
e � 0.

The MAP problemfor AMNs canbe solved ef�ciently
using a min-cut algorithm. In the caseof binary labels
(K = 2), the min-cut procedureis guaranteedto return
the optimal MAP. For K > 2, the MAP problemis NP-
hard,but a procedureproposedby Boykov et al. [1], which
augmentsthemin-cutalgorithmwith aniterativeprocedure
called alpha-expansion, guaranteesa factor 2 approxima-
tion of theoptimalsolution.

An alternative approachto solving the MAP inference
problemis basedon formulating the problemas an inte-
ger program,and thenusing a linear programmingrelax-
ation [2, 12]. This approachis slower in practicethanthe
iteratedmin-cut approach,but hasthe sameperformance
guarantees[21]. Importantlyfor our purposes,it formsthe
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basisfor our learningprocedure.
Werepresentanassignmenty asasetof K �N indicators

f yk
i g, whereyk

i = I (yi = k). With thesede�nitions, the
log of conditionalprobabilitylogPw (y j x) is givenby:
NX

i =1

KX

k=1

(w k
n � x i )yk

i +
X

ij 2E

KX

k=1

(w k
e � x ij )yk

i yk
j � logZw (x):

Note that the partition function Zw (x) above dependson
theparametersw andinput featuresx, but noton thelabels
yi 's. HencetheMAP objective is quadraticin y .

For compactnessof notation, we de�ne the nodeand
edge weight vectors w n = (w 1

n ; : : : ; w K
n ) and we =

(w 1
e; : : : ; w K

e ), andlet w = (wn ; we) beavectorof all the
weights,of sized = K (dn + de). Also, we de�ne thenode
andedgelabelsvectors,yn = (: : : ; y1

i ; : : : ; yK
i ; : : :)> and

ye = (: : : ; y1
ij ; : : : ; yK

ij ; : : :)> , whereyk
ij = yk

i yk
j , andthe

vectorof all labelsy = (yn ; ye) of sizeL = K (N + jEj).
Finally, wede�ne anappropriated � L matrixX suchthat

logPw (y j x) = wXy � logZw (x):

ThematrixX containsthenodefeaturevectorsx i andedge
featurevectorsx ij repeatedmultiple times(for eachlabel
k), andpaddedwith zerosappropriately.

The linearprogrammingformulationof theMAP prob-
lemfor thesenetworkscanbewrittenas:

max
NX

i =1

KX

k=1

(w k
n � x i )yk

i +
X

ij 2E

KX

k=1

(w k
e � x ij )yk

ij (1)

s:t : yk
i � 0; 8i; k;

X

k

yk
i = 1; 8i ;

yk
ij � yk

i ; yk
ij � yk

j ; 8ij 2 E; k:

Note that we substitutethe quadratictermsyk
i yk

i by vari-
ablesyk

ij by using two linear constraintsyk
ij � yk

i and
yk

ij � yk
i . This works becausethe coef�cient w k

e � x ij is
non-negativeandwearemaximizingtheobjectivefunction.
Henceyk

ij = min(yk
i ; yk

i ) at theoptimum,which is equiv-
alentto yk

ij = yk
i yk

j if yk
i ; yk

j 2 f 0; 1g. In thebinarycase,
the linear programEq. (1) is guaranteedto producean in-
tegersolution(optimalassignment)whenauniquesolution
exists [21]. For K > 2, theLP mayproducefractionalso-
lutions which areguaranteedto be within at mosta factor
of 2 of theoptimal.

4. Maximum margin estimation

We now considerthe problemof training the weights
w of a Markov network given a labeledtraining instance
(x; ŷ ). For simplicity of exposition, we assumethat we
have only a single training instance;the extensionto the
caseof multiple instancesis entirelystraightforward. Note
that,in our setting,a singletraininginstanceis not a single
point,but anentirescenethatcontainstensof thousandsof
points.

The standardapproachof learninga conditionalmodel
w given (x; ŷ ) is to maximize the logPw (ŷ j x), with
anadditionalregularizationterm,which is usuallytakento
be the squared-normof the weightsw [15]. An alterna-
tive method,recentlyproposedby Taskaret al. [22], is to
maximizethemargin of con�dencein thetruelabelassign-
mentŷ over any otherassignmenty 6= ŷ . They show that
themargin-maximizationcriterionprovidessigni�cant im-
provementsin accuracy overarangeof problems.It alsoal-
lowshigh-dimensionalfeaturespacesto beutilizedby using
thekerneltrick, asin supportvectormachines.Themaxi-
mummargin Markov network (M3N) framework formsthe
basisfor ourwork, sowebegin by reviewing thisapproach.

As in supportvectormachines,thegoal in anM3N is to
maximizeourcon�dencein thetruelabelsŷ relative to any
otherpossiblejoint labelingy. Speci�cally, we de�ne the
gainof thetruelabelsŷ overanotherjoint labelingy as:

logPw (ŷ j x) � logPw (y j x) = wX (ŷ � y ):

In M3Ns, the desiredgain dependson the numberof mis-
classi�ed labelsin y , `(ŷ ; y ), by scalinglinearly with it:

max 
 s:t : wX (ŷ � y ) � 
 `(ŷ ; y ); jjw jj 2 � 1:

Note that the numberof incorrectnodelabels`(ŷ ; y ) can
alsobe written asN � ŷ >

n yn . (Whenever ŷi andyi agree
on somelabelk, we have that ŷk

i = 1 andyk
i = 1, adding

1 to ŷ>
n yn .) By dividing throughby 
 andaddinga slack

variablefor non-separabledata,we obtaina quadraticpro-
gram(QP)with exponentiallymany constraints:

min
1
2

jjw jj2 + C� (2)

s:t : wX (ŷ � y ) � N � ŷ >
n yn � � ; 8y 2 Y:

This QP hasa constraintfor every possiblejoint assign-
ment y to the Markov network variables,resulting in an
exponentially-sizedQP.

As our �rst step,we replacetheexponentialsetof linear
constraintsin themax-margin QPof Eq.(2) with thesingle
equivalentnon-linearconstraint:

wX ŷ � N + � � max
y 2Y

wXy � ŷ>
n yn : (3)

This non-linearconstraintessentiallyrequiresthat we �nd
the assignmenty to the network variableswhich hasthe
highestprobability relative to the parameterizationwX �
ŷ>

n . Thus, optimizing the max-margin QP containsthe
MAP inferencetaskasacomponent.

The LP relaxationof Eq. (1) providesuswith precisely
the necessarybuilding block to provide an effective solu-
tion for Eq. (3). The MAP problemis preciselythe max
subproblemin this QP. In thecaseof AMNs, this maxsub-
problemcanbe replacedwith theLP of Eq. (1). In effect,
wearereplacingtheexponentialconstraintset— onewhich
includesa constraintfor every discretey, with an in�nite
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constraintset— onewhich includesa constraintfor every
continuousvector y in Y0 = f y : yk

i � 0;
P

k yk
i =

1; yk
ij � yk

i ; yk
ij � yk

i g; asde�ned in Eq.(1).
After substitutingthe(dualof the)MAP LP into Eq. (3)

andsomealgebraicmanipulation(see[21]), we obtain:

min
1
2

jjw jj2 + C� (4)

s:t : wX ŷ � N + � �
NX

i =1

� i ; we � 0;

� i �
X

ij;j i 2E

� k
ij � w k

n � x i � ŷk
i ; 8i; k;

� k
ij + � k

j i � w k
e � x ij ; � k

ij ; � k
j i � 0; 8ij 2 E; k:

Above,we alsoaddedtheconstraintw e � 0 to ensurepos-
itivity of theedgelog-potentials.

For K = 2, theMAP LP is exact,sothatEq. (4) learns
exact max-margin weights for Markov networks of arbi-
trary topology. For K > 2, the linear relaxationleads
to a strengtheningof the constraintson w by potentially
addingconstraintscorrespondingto fractionalassignments
y. Thus,theoptimalchoicew; � for theoriginalQPmayno
longerbefeasible,leadingto a differentchoiceof weights.
However, asourexperimentsshow, theseweightstendto do
well in practice.

Thedualof Eq.(4) is givenby:

max
NX

i =1

KX

k=1

(1 � ŷk
i )� k

i �
1
2

KX

k=1

�
�
�
�
�

�
�
�
�
�

NX

i =1

x i (Cŷk
i � � k

i )

�
�
�
�
�

�
�
�
�
�

2

�
1
2

KX

k=1

�
�
�
�
�
�

�
�
�
�
�
�
� k +

X

ij 2E

x ij (Cŷk
ij � � k

ij )

�
�
�
�
�
�

�
�
�
�
�
�

2

s:t : � k
i � 0; 8i; k;

X

k

� k
i = C; 8i ;

� k
ij � 0; � k

ij � � k
i ; � k

ij � � k
j ; 8ij 2 E; k;

� k � 0; 8k:

Theprimal anddualsolutionarerelatedby:

w k
n =

NX

i =1

x i (Cŷk
i � � k

i ); (5)

w k
e = � k +

X

ij 2E

x ij (Cŷk
ij � � k

ij ): (6)

Oneimportantconsequenceof theserelationshipsis thatthe
nodeparametersareall supportvectorexpansions.Thus,
thetermsin theconstraintsof theform w n x canall beex-
pandedin termsof dotproductsx >

i x i ; similarly, theobjec-
tive (jjw jj2) canbeexpandedsimilarly. Therefore,we can
usekernelsK (x i ; x j ) to de�ne nodeparameters.Unfortu-
nately, thepositivity constrainton theedgepotentials,and
theresulting� k dualvariablein theexpansionof theedge
weight,preventtheedgeparametersfrom beingkernelized
in a similarway.

5. Experimental results

We validatedour scansegmentationalgorithm by ex-
perimentingon two real-world andonesyntheticdatasets,
which differed in both the type of 3D scannerused,and
thetypesof objectspresentin thescene.We describeeach
setof experimentsseparatelybelow. We comparethe per-
formanceof our methodto thatof supportvectormachines
(SVMs), a state-of-the-artclassi�cation method known
to work well in high-dimensionalspaces. The webpage
http://ai.stanford.edu/˜drago/Projects/Dete ctor/

containsadditionalresults,includinga �y-through movie.

Terrain classi�cation. Terrainclassi�cation is useful for
autonomousmobile robots in tasks such as path plan-
ning, target detection, and as a pre-processingstep for
other perceptual tasks. The Stanford Segbot Project
(http://robots.stanford.edu/ ) has provided us with a
laserrangecampusmapcollectedby arobotequippedwith
a SICK2 laserscanner(seeFig. 1). Therobotdrovearound
acampusenvironmentandacquiredaround35million scan
readings.Eachreadingwasapoint in 3D space,represented
by its coordinatesin anabsoluteframeof reference,which
wasfairly noisydueto sensornoiseandlocalizationerrors.

Our task is to classify the laserrangepoints into four
classes:ground, building, tree, and shrubbery. Classifying
groundpoints is trivial given their absolutez-coordinate;
we do it by thresholdingthe z coordinateat a valueclose
to 0. After this, we areleft with approximately20 million
non-groundpoints. Eachpoint is representedsimply asa
locationin anabsolute3D coordinatesystem.Thefeatures
we userequirepre-processingto infer propertiesof the lo-
cal neighborhoodof a point, suchashow planartheneigh-
borhoodis, or how muchof theneighborsarecloseto the
ground.We usefeaturesthatareinvariantto rotationin the
x-y plane,aswell as the densityof the rangescan,since
scanstendto besparserin regionsfartherfrom therobot.

Our �rst type of featureis basedon the principal plane
aroundeachpoint. To computeit, we sample100pointsin
a cubeof radius0:5 meters.We run PCA on thesepoints
to get theplane,spannedby the�rst two principalcompo-
nents.Wethenpartitionthecubeinto 3� 3� 3binsaround
the point, orientedwith respectto the principal plane,and
computethepercentageof pointslying in thevarioussub-
cubes.Thesepercentagescapturethelocaldistributionwell
andareespeciallyusefulin �nding planes.Oursecondtype
of featureis basedonacolumnaroundeachpoint. We take
a cylinder of radius0:25 meters,which extendsvertically
to includeall the points in a “column”. We thencompute
whatpercentageof thepointslie in varioussegmentsof this
column(e.g.,between2m and2.5m). Finally, we alsouse
an indicator featureof whethera point lies within 2m of
theground. This featureis especiallyuseful in classifying
shrubbery.
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             a) Training instance b) AMN c) SVM d) AMN with edges ignored 

e) f ) g) h)

Figure 2. Segmentation results on the puppet dataset. a) Training set instance b) AMN segmentation
result c) SVM segmentation result d) Result obtained by using the node weights learned by the AMN,
and ignoring the MRF edges e) ­ h) Segmentation results on other testing set instances. (Color
legend: head/green, tor so/dark blue , limbs/red, backgr ound/gra y).

For training we selectroughly 30 thousandpoints that
representthe classeswell: a segment of a wall, a tree,
somebushes.We consideredthreedifferentmodels:SVM,
Voted-SVM andAMNs. All methodsusethe samesetof
features,augmentedwith a quadratickernel.

The �rst model is a multi-class SVM. This model
(Fig. 1(b), right panel)achievesreasonableperformancein
many places,but fails to enforcelocal consistency of the
classi�cationpredictions.For examplearcheson buildings
andotherlessplanarregionsareconsistentlyconfusedfor
trees,even thoughthey are surroundedentirely by build-
ings.We improvedupontheSVM by smoothingits predic-
tionsusingvoting. For eachpoint we took its local neigh-
borhoodandassignedthepoint the labelof themajority of
its 100neighbors.TheVoted-SVM model(Fig. 1(b),mid-
dlepanel)performsslightly betterthanSVM, yetit still fails
in areaslike archesof buildings wherethe SVM classi�er
hasa locally consistentwrongprediction.

The �nal model is a pairwiseAMN. Eachpoint is con-
nectedto 6 of its neighbors:3 of them are sampledran-
domly from the local neighborhoodin a sphereof radius
0:5m, andtheother3 aresampledat randomfrom thever-
tical cylindercolumnof radius0:25m. It is importantto en-
sureverticalconsistency sincetheSVM classi�er is wrong
in areasthatarehigheroff theground(dueto thedecrease
in point density)or becauseobjectstend to look different
aswe vary their z-coordinate(for example,treetrunksand
treecrowns look different). While we experimentedwith
a varietyof edgefeatures,we foundthatevenusingonly a
constantfeatureperformswell.

We trainedthe AMN modelusingCPLEX to solve the
quadraticprogram;thetrainingtookaboutanhouronaPen-
tium 3 desktop.For inference,we usedmin-cutcombined
with the alpha-expansionalgorithm of Boykov et al. de-
scribedabove[1]. We split up thedatasetinto 16square(in
thexy-plane)regions,thelargestof which containsaround
3:5 million points. The implementationis largely domi-
natedby I/O time, with theactualmin-cut taking lessthan
aminuteevenfor thelargestsegment.

We canseethat the predictionsof theAMN (Fig. 1 b),
left panel)aremuchsmoother:for examplebuilding arches
and tree trunks are predictedcorrectly. We hand-labeled
around180 thousandpoints of the test set and computed
accuraciesof thepredictions(excludingground,whichwas
classi�edby pre-processing).Thedifferencesaredramatic:
SVM: 68%,Voted-SVM: 73%andAMN: 93%.

Segmentationof articulated objects. We alsotestedour
scansegmentationalgorithm on a challengingdatasetof
cluttered scenescontaining articulated wooden puppets.
The datasetwas acquiredby a scanningsystembasedon
temporalstereo[4]. Thesystemconsistsof two camerasand
aprojector, andoutputsatriangulatedsurfaceonly in thear-
easthatarevisible to all threedevicessimultaneously. The
datasetcontainselevendifferentsingle-view scansof three
puppetsof differentsizesandin differentpositions.It also
containsclutter andoccludingobjectssuchasrope,sticks
andrings.Eachscanhasaround225; 000points,whichwe
subsampledto around7; 000 with standardsoftware. Our
goal was to segmentthe scenesinto 4 classes— puppet
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Figure 3. Segmentation of vehic les (cars, truc ks, suvs) from the backgr ound in synthetic rang e
scans from the Princeton dataset. The AMN perf orms reasonab ly well on most of the testing scenes,
as demonstrated in scenes a), b), and c). However, it sometimes fails to detect the vehic les in
challenging scenes suc h as d). (Color legend: vehic les/green, backgr ound/pink).

head, limbs, torso andbackground. Five of the scenes
compriseour trainingset,andthe restarekept for testing.
A samplescanfrom thetrainingsetis shown in Fig. 2a.

To segmentarticulatedobjects,it is desirableto have an
approachwhich is independentof global orientationalto-
gether, andwhich discriminatesbasedon shapealone.We
usedspin-images[11] aslocalpoint features.Wecomputed
spin-imagesof size10� 5 binsat two differentresolutions.
We scaledthe spin-imagevalues,and performedPCA to
obtain45principalcomponents,whichcomprisedourpoint
features. We usethe surfacelinks output by the scanner
asedgesin theMRF. Again,we experimentedwith several
differentedgefeatures,but we got thebestperformanceby
usinga constantfeaturefor eachedge.

Becauseof clutterandocclusionin thescenes,ourAMN
framework achieves the best generalizationperformance
when we keepthe scopeof the spin-imagesrathersmall
(comparableto the size of the puppet's head). Our scan
segmentationalgorithm performedvery well by classify-
ing 94.4%of the testingset points accurately, translating
into 83.9%recall and 86.8%precisionon the task of de-
tectingpuppetpartsversusbackground.Overall,ourresults
(seeFig. 2e–h)show that AMNs can detectpuppetparts
with a fairly high degreeof accuracy, evenunderocclusion
andclutter. Themainsourceof classi�cationerrorwasthe
smallpuppet,whichappearsonly in thetestingset.

By comparison,the SVM methodappliedto the same
point featuresperformsremarkablypoorly (seeFig. 2c).
Theclassi�cationaccuracy on thetestingsetis 87.16%,but
that is becausethat the majority of pointsareclassi�ed as

background;indeed,overall the SVM approachachieves
93% precisionbut only 18.6% recall on the task of seg-
mentingpuppetpartsagainstbackground. The poor per-
formanceis causedby the relatively small spin-imagesize
which makesthe algorithmmorerobust underclutter and
occlusion,but at the sametime makesit hardto discrimi-
natebetweenlocally similar shapes.Thedatasethassignif-
icantshapeambiguity, asit is veryeasyto confusesticksfor
limbs,andthetorsofor partsof thecomputermouseappear-
ing in thetestingset.We tried to obtaina fairercomparison
by changingthespin-imagesizeto accommodatetheSVM
algorithm.Theresultswerestill signi�cantly worse.

To understandthe reasonunderlying the superiorper-
formanceof the AMN, we ran a �at classi�er with node
weights trainedfor the AMN model. The result, shown
in Fig. 2d,suggeststhatouralgorithmhasanadditionalde-
greeof �e xibility — it cancommitalot of errorslocally, but
rely on theedgestructureto eliminatetheerrorsin the�nal
result.This resultdemonstratesthatourapproachwouldbe
superiorto a strategy which trains the edgeand the node
parametersseparately.

Princeton benchmark. The �nal testof our systemwas
performedusingasetof arti�cially generatedscenes,which
containdifferent typesof vehicles,trees,houses,and the
ground. Models of the objectsin thesesceneswere ob-
tainedfrom thePrincetonShapeBenchmark[20], andwere
combinedin variouswaysto constructthetrainingandtest
scenes.Fromthese,asetof syntheticrangescansweregen-
eratedby placinga virtual sensorinsidethescene.We cor-
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ruptedthe”sensor”readingswith additivewhite noise.We
thentriangulatedtheresultingpoint cloud,andsubsampled
it down to ourdesiredresolution.

We trainedboth the SVM andthe AMN approachesto
distinguishvehiclesfrom otherobjectsandbackground.We
usedexactly thesamenodeandedgefeaturesasin thepup-
petdataset,with thespinimagesizeappropriatelyadjusted.
The results,shown in Fig. 3, demonstrateagain that our
methodoutperformstheSVM method.In general,theAMN
methodlabelsmostof thepointson thevehiclescorrectly.
Occasionally, theAMN methodlabelsa �at partof a vehi-
cle asbackground,becausein this area,thefeaturesarein-
distinguishablefrom a wall, andtheedgepotentialsarenot
strongenoughto overcomethis(seeFig.3a).Therearealso
casesin which theAMN methodfails, asin Fig. 3d where
we fail to detectthetwo carsunderdensefoliage.By com-
parison,theSVM methodis only ableto labelvehicleparts
with signi�cant curvature,as�at areasarelocally to similar
to background.The AMN methodthusprovidesa signi�-
cantgain,producinga 93.76%overall accuracy, compared
to only 82.23%for theSVM approach.

6. Conclusions

WepresentanMRF-basedmethodfor detectionandseg-
mentationof complex objectsandobjectclassesfrom 3D
rangedata. Our approachhasa numberof attractive the-
oreticalandpracticalproperties.By constrainingtheclass
of MRFsto besolvableby graph-cuts,our modelsareef�-
ciently learnedusinga compactquadraticprogram,andat
run-time,scaleup to tensof millions of pointsandmultiple
object classes. The proposedlearningformulation effec-
tively anddirectly learnsto exploit a large setof complex
surfaceandvolumetricfeatures,while balancingthespatial
coherencemodeledby theMRF.

There are several interestingdirections in which our
work canbe extended,that addressthe main limitation of
our work: its relianceon local featuresto distinguishob-
jects.First, asour formulationis basedon themax-margin
framework underlying SVMs, we can easily incorporate
kernelsin order to further boost the expressive power of
the models. We arecurrentlydevelopingappropriatespa-
tial kernels. More importantly, our methodreliesheavily
on theexistenceof distinguishinglocal surfacefeaturesof
objects. Sincewe do not model object partsand spatial
relationsbetweenthem, our methodis effective at differ-
entiatingbetweenmostlyhomogeneousobjects(for exam-
ple, trees,buildings, limbs), which do not have many parts
that “look” similar locally. For example,it would be dif-
�cult to differentiatebetweencar types,suchassedanvs.
coup,which look alike exceptfor the reardoor/trunk.The
challengeof incorporatingtheobject/parthierarchyinto the
learningframework is asubjectof our futurework.
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